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INTRODUCTION 49
Dissolved organic matter (DOM) is a complex and heterogeneous mixture of compounds. 50
This complexity presents analytical and computational challenges that require the continuous 51 development of new techniques for the compositional analysis of DOM. An array of analytical 52 platforms has been used to characterize DOM ranging from nuclear magnetic resonance 53 instruments to mass spectrometers coupled to gas chromatography-or liquid chromatography-54 based pre-separation. Each of these analytical systems generates information about different 55 components of DOM. The resulting data can include quantitative details for individual molecules 56 which may be representative of larger processes [1, 2] or may include information on the diversity 57 of the thousands of molecules that comprise DOM [3, 4] . The breadth of described DOM 58 extraction methods [5, 6] , further emphasizes the complexity of DOM. Thus, there is no one 59 extraction protocol, instrumentation setup, or computational analysis tool that is able to fully 60 resolve, identify, and quantify the compounds that comprise DOM. 61
Here we choose ultrahigh resolution mass spectrometry to assess the molecular level 62 composition of DOM. This project relied on direct infusion with electrospray ionization (ESI) 63 into a Fourier transform ion cyclotron resonance mass spectrometer (FT-ICR-MS). The resulting 64 data provided thousands of mass-to-charge ratios. However, even with a hypothetical mass 65 spectrometer with no measurement error, there are many possibilities for chemical structures and 66 this problem is exacerbated as the mass-to-charge values increase [7] . A variety of tools exist to 67 analyze ultrahigh resolution mass spectrometry data. The computational tools allow the 68 calculation of elemental formulas [8] and structural isomers [9] , provide models of the stability of 69 DOM [10] , and include visualization tools such as van Krevelen diagrams [11] , carbon vs. mass 70 plots [12] , and two-dimensional correlation analysis [13] . Alternatively, statistical tests can be used 71 to resolve individual, or groups of, molecules that serve as characteristic markers of 72 environmental conditions or processes [e.g., 14, 15] . Despite these advances in the analysis of 73 ultrahigh resolution mass spectrometry data, there is still a need for the development of novel 74 tools which can increase our understanding of DOM structure and composition in aquatic 75
environments. 76
Network analysis tools have proven valuable in characterizing links between genes and 77 proteins [16] , ecological connections within bacterial communities [17] , and visualization of 78 ultrahigh resolution mass spectrometry data [18, 19] . The use of network analysis for ultrahigh 79 resolution mass spectrometry data builds upon earlier research in which differences between 80 mass-to-charge values in a sample were calculated and used to determine possible elemental 81 formulas [20, 21] . In the present study, we extend network analysis of ultrahigh resolution mass 82 spectrometry data by quantifying the number of chemical transformations observed within water 83 samples from surface and deep ocean water masses. 84 EXPERIMENTAL 85
Sample collection 86
Seawater samples were collected in July 2010 from two stations off the northeastern 87 coast of South America. Samples were divided into surface water samples and water samples 88 from the deeper, North Atlantic Deep Water (NADW, Table 1 ). Seawater was filtered with 0.2 89 μm Omnipore Filters (Millipore, Massachusetts, USA) mounted in Teflon filter holders, acidified 90 to pH 3, and the dissolved organic matter (DOM) was extracted from the acidified seawater with 91 1g / 6 ml Bond Elut PPL cartridges (Varian, California, USA) [6] as previously described [22] . 92
Ultrahigh resolution mass spectrometry data collection 93
All samples were analyzed on a 7T FT-ICR mass spectrometer (FT-ICR-MS, Thermo 94
Fisher Scientific, Waltham MA, USA). For positive ion mode analyses, sample aliquots were 95 reconstituted in 50% methanol/water with 0.1% formic acid. For negative ion mode analyses, 96 sample aliquots were reconstituted in 50% methanol/water. MilliQ water, processed and 97 analyzed in the same manner as the samples, indicated low overlap between the MilliQ water and 98 the samples. For both positive and negative ion modes, samples were infused into the ESI 99 interface at 4 μL min -1 , and instrument and spray parameters were optimized for each sample. 100
The capillary temperature was set at 250°C, and the spray voltage was between 3.7 and 4 kV. At 101 least 200 scans were collected for each sample which is a sufficient number of scans for good 102 peak reproducibility [23] . The mass ranges for the full-scan collection was 150 < m/z < 1000 in 103 both positive and negative ion modes. Weekly mass calibrations were performed with an external 104 standard (Thermo Calibration Mix) which results in mass accuracy errors < 1.5 ppm. The 105 processed spectra are internally calibrated following the guidelines described in Bhatia et al. [24] 106 which resulted in a mass accuracy < 1 ppm. The target average resolving power was 400,000 at 107 m/z 400 (where resolving power is defined as m/Δm 50% where Δm 50% is the width at half-height 108 of peak m). 109
Peak Detection 110
We collected individual transients as well as a combined raw file using xCalibur 2.0 111 (Thermo Fisher Scientific, Waltham MA, USA). Transients were co-added and processed with 112 custom-written MATLAB code [25] . Within each sample, only those transients whose total ion 113 current (TIC) was greater than 20% of the maximal TIC were co-added, processed with Hanning 114 apodisation, and zero-filled once prior to fast Fourier transformation. We retained all mass-to-115 charge (m/z) values with a signal-to-noise ratio above 5. Spectra were internally re-calibrated 116 using a short list of m/z values present in a majority of the samples. The individual sample peak 117 lists were then aligned in MATLAB [26] . Positive and negative ion mode data were aligned 118 separately in MATLAB with an error tolerance of 1 ppm. The data are publically-available at 119 MetaboLights (MTBLS366). 120
Network analysis 121
We used network analysis to examine differences between pairs of m/z values within a 122 sample that could be ascribed to specific chemical transformations. This analysis is more robust 123 if all the samples have the same dynamic range in peak heights in order to minimize differences 124 in ionization efficiencies of features across a sample set. Thus, we conducted the network 125 analysis using peak heights corrected to consider the dynamic range in each sample. The 126 dynamic range of each sample was calculated as the ratio of the highest and lowest peak height 127 within each sample. The detection limit for each sample was then calculated as the maximum 128 peak height divided by the lowest dynamic range in the sample set. Any peaks with peak heights Page 7 below this detection limit were discarded. This calculation has the effect of lowering the 130 sensitivity of a set of samples to the sample with the smallest dynamic range. 131
We used Cytoscape [27] with the MetaNetter plug-in [28] to conduct the network analysis. 132
The list of m/z values from each sample was imported into Cytoscape where each m/z value was 133 defined as a node. In networks, nodes are connected to each other by edges. We defined edges as 134 the mass difference between two m/z values resulting from a chemical transformation. For 135 example, the gain or loss of C 6 H 12 N 4 O (Δm = 156.101111) between two compounds would be 136 represented as two 'nodes', or the corresponding smaller and larger m/z values, connected by an 137 'edge' named 'C 6 H 12 N 4 O'. Using these lists, MetaNetter calculated the edges for each sample 138 within a 1 ppm error window. Figure 1 shows an example of a network with nine nodes and 15 139 edges. When the samples from the present project were analyzed with network analysis, the 140 graphical presentation of the results is more complex (e.g., Figure 2 ). For each chemical 141 transformation (e.g. gain or loss of a CH 2 group), there may be a series of connected m/z values. 142
In addition, one m/z value may be connected to other m/z values by more than one 143 transformation. As an example, in Figure 1 m/z 565.35567 is connected to m/z 581.35086 by an 144 oxygen atom and to m/z 563.3766 by the substitution of an oxygen atom for a CH 2 group. 145
The network analysis requires pre-defined lists of m/z values for use as edges in 146
MetaNetter. The first list of chemical transformations analyzed using network analysis was the 147 most common chemical transformations within the dataset. To identify these transformations, we 148 calculated all possible mass differences between m/z values in each sample. We then used the 149 algorithm described by Kunenkov et al. [21] , which accounts for the error in the mass 150 spectrometer, to produce a discrete set of mass differences within each sample. From this smaller list, we determined the most frequent chemical transformations in both positive and negative ion 152 modes and assigned elemental compositions to each (Table 2) . 153
Our second list of possible chemical transformations included chemical building blocks, 154 amino acids, and an organo-sulfur functional group. Amino acids are a large fraction of 155 identifiable organic molecules in marine systems [1] and they play a central role in biological 156 processes as the basic structural units of proteins. Thus, our second list of transformations 157 includes m/z values that could be isomers of the twenty essential amino acids (Table 3 ). We do 158 not intend to convey that we have identified these compounds solely based on their m/z values. 159 Furthermore, we are not searching for the exact mass listed in Table 3 , rather we are looking for 160 the mass difference between two measured m/z values that corresponds to the mass listed in the 161 table. We also have an interest in sulfur-containing organic molecules in the deep sea, and Table  162 4 lists six additional elemental formulas, their exact mass, and possible isomers for each 163 chemical transformation. 164
The final set of chemical transformations we assessed using MetaNetter were randomly-165 generated transformations. The random chemical transformations were generated in MATLAB. 166
Each random chemical transformation was required to contain at least one carbon, hydrogen, and 167 oxygen; however, they could also contain zero or more nitrogen, sulfur, and/or phosphorus. We 168 used the 'rand' random number generator with MATLAB to randomly assign the number of 169 elements within each chemical transformation. In order to prevent assessment of chemically 170 unlikely elemental formulas, we checked the elemental formula using published bounds on 171 elemental formulas from Kind et al. [29] . Once the elemental formulas passed these criteria, we 172 conducted the network analysis using MetaNetter as already described. 173 values and lack of differences in average peak height make these data amenable to network 199 analysis because the analysis will not be biased by different numbers of peaks or differences in 200 the ionization strength across the sample set. 201
Network analysis to characterize organic compounds 202
We conducted the network analysis with a set of chemical transformations to provide us 203 with new hypotheses regarding the assembly of organic molecules in the deep sea. Due to the 204 time and effort needed to calculate the number of clusters associated with each chemical 205 transformation in all of the samples, we had to limit the number of chemical transformations. A 206 subset of the chemical transformations were based on a published list of chemical 207 transformations from Breitling et al. [31] and we further added both common and random 208 chemical transformations to assess the validity of our conclusions based on network analysis. 209
While Table 3 and Table 4 provide one potential structural isomer associated with each 210 transformation, given the complexity of DOM [3, 7] , there are other possible isomers for each 211 chemical transformation. Furthermore, the elemental formula listed in Table 3 and Table 4 may 212 be added to or subtracted from an organic compound in pieces and not as a coherent molecule. 213
Yet, this list of chemical transformations serves as a starting point to investigate new hypotheses 214 regarding the assembly of organic molecules. 215
Samples were split into two groups: "surface" and "NADW" samples for the network 216 analysis. The network analysis revealed 800 to 1400 clusters for the common chemical 217 transformations (data not shown). However, there was no significant difference in the number of 218 clusters between the surface and NADW samples (Wilcoxon rank sum test). The number of 219 clusters for the random chemical transformations was lower than for the common 220 transformations, ranging from zero clusters up to a maximum of 300 clusters. Two of the random 221 chemical transformations showed differences between surface and NADW samples (C 14 H 9 O 3 N 7 , 222 C 10 H 12 O 7 N 6 ). Both of these chemical transformations are listed as compounds with multiple 223 structural isomers in PubChem. Given the complexity of DOM, we were not surprised to 224 randomly find known chemical compounds, and thus the investigation of random chemical 225 compounds is not a good means to test the strength of this analysis tool. Yet, the chemical 226 transformations that were more prevalent in the deep sea could not be due to increased peak 227 heights in the deep sea samples or to increased peak numbers, because neither of these 228 parameters was significantly different between the surface and NADW samples. We also set the 229 same dynamic range in peak heights across the dataset. Finally, only a subset of the chemical 230 transformations showed significant differences between the surface and the deep ocean, and none 231 of the common chemical transformations (i.e., those in Table 2 ) revealed such differences. 232
Interpreting the network analysis results 233
Organic compounds may be formed through mergers of existing molecules, generating 234 new and larger organic compounds [32] . On the other hand, fragments can be removed from 235 existing organic molecules by biological activity such as enzymatic cleavage, as observed in 236 numerous studies [33, 34] . While we cannot use our data to verify either of these hypotheses, the 237 results from the network analysis can guide new ideas about complex organic molecules in the 238 deep sea. In negative ion mode, 12 of the chemical transformations that might be associated with 239 amino acids showed significantly higher numbers of clusters in the NADW samples compared to 240 the surface samples (Figure 3 ). Furthermore, six of the chemical transformations involving sulfur 241 were significantly different between the surface and NADW samples (Figure 4) . None of the 242 chemical transformations in positive ion mode were significantly different in NADW compared 243 to the surface water samples. Thus, our results suggest that chemical building blocks potentially 244 associated with structural isomers of amino acids and sulfur-containing compounds are more 245 prevalent in the deep ocean than in the overlying surface water masses. 246
Previous studies have shown that DOM is increasingly refractory with depth [35] and most 247 identifiable biological monomers decrease in relative concentration [1] . The network analysis 248 performed here hints at the continued presence of these monomers in the deep ocean even though 249 they may not be easily accessible by current chemical techniques. It is possible that these 250 transformations do not represent the biological monomer, but instead are a coincidental loss of 251 this combination of elements between two m/z values. This seems unlikely due to the fact that an 252 equivalent number of peaks is present in the surface samples but these transformations are more 253 frequent in the NADW samples. Future research must consider if these variants of amino acids 254 and sulfur-containing compounds are available to the microbial community found in the deep 255 ocean. Recent meta-genomic evidence suggests that deep sea microorganisms employ unique 256 metabolic strategies to access refractory organic matter as growth substrates [36, 37] . These 257 metabolic strategies may alter organic matter in unpredictable ways that challenge our current 258 understanding regarding how organic molecules are assembled. 259
CONCLUSIONS 260
This combination of network analysis with quantification of the chemical transformations 261 can be used to identify shared structural characteristics of compounds within complex dissolved 262 organic matter. This represents an advance over present tools that focus on the percent of 263 compounds containing certain elements or on changes in elemental ratios (e.g. H:C, O:C) 264 between samples. Our observation that a number of chemical transformations are more prevalent 265 in a subset of samples is an example of a new way to consider the factors governing the assembly 266 of organic matter. Through the use of ultrahigh resolution mass spectrometry and the continued 267 development of novel computational tools, we will be able to address the next generation of 268 questions regarding dissolved organic matter, such as the nature of metabolic by-products of 269 organic matter remineralization, and their fate in the presence of marine microorganisms. 270
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